Detection of DNA mutations in tumor tissue can be a critical companion diagnostic test before prescription of a targeted therapy. Each method for detection of these mutations is associated with an analytic sensitivity that is a function of the percentage of tumor cells present in the specimen. Currently, tumor cell percentage is visually estimated resulting in an ordinal and highly variant result for a biologically continuous variable. We proposed that this aspect of DNA mutation testing could be standardized by developing a computer algorithm capable of accurately determining the percentage of malignant nuclei in an image of a hematoxylin and eosin-stained tissue. Using inForm software, we developed an algorithm, to calculate the percentage of malignant cells in histologic specimens of colon adenocarcinoma. A criterion standard was established by manually counting malignant and benign nuclei. Three pathologists also estimated the percentage of malignant nuclei in each image. Algorithm #9 had a median deviation from the criterion standard of 5.4% on the training set and 6.2% on the validation set. Compared with pathologist estimation, Algorithm #9 showed a similar ability to determine percentage of malignant nuclei. This method represents a potential future tool to assist in determining the percent of malignant nuclei present in a tissue section. Further validation of this algorithm or an improved algorithm may have value to more accurately assess percentage of malignant cells for companion diagnostic mutation testing.
T he development of new targeted therapies in cancer treatment has resulted in a parallel search for predictive biomarkers to select patients most likely to re-spond to those therapies. 1, 2 DNA mutation status and patient genotypes can be indicators of patient treatment response for some targeted therapies. 3, 4 For example, for the treatment of patients with advanced colorectal cancer, K-ras mutation status has been shown to predict nonresponse to epidermal growth factor receptor (EGFR) inhibitors. 1, [5] [6] [7] [8] The K-ras protein is a downstream target of EGFR signaling. 9 As a downstream protein in the EGFR signaling pathway, a mutated and constitutively active K-ras protein overcomes any inhibition of signaling by EGFR inhibitors. [9] [10] [11] It has been shown that anti-EGFR monoclonal antibodies that bind to the extracellular domain of EGFR, such as cetuximab and panitumumab, are most effective on the subset of patients whose tumors have a wild-type K-ras genotype. 5, 6 By contrast, in lung cancer, EGFR inhibitors have been shown to be valuable only in patients with mutations in EGFR. [12] [13] [14] Therefore, it is recommended that all tumors of patients diagnosed with colorectal cancer or nonsmall cell lung cancer who are candidates for anti-EGFR therapy undergo molecular testing to establish K-ras and EGFR mutation status, respectively. 7, 9, 15, 16 Across the globe, quality assessment schemes have recently been designed to identify potential sources of error in molecular testing and suggest guidelines to help standardize mutation detection protocols. 2, 3, 17, 18 The measurement of the percentage of tumor cells (malignant cellularity) in the tissue section tested is repeatedly mentioned as a potential source of error in DNA mutation analysis. 11, [17] [18] [19] Depending on assay sensitivities and limits of detection, insufficient malignant cellularity could result in false-negative test results if a DNA mutation is unable to be detected in a background of wild-type alleles. 20 There are multiple DNA mutation detection technologies currently in use, and new assays are under development. They have a wide range of analytic sensitivity, some requiring as little as 1% malignant cellularity 21, 22 and others nearly 50%. 4, 15 Sanger sequencing is considered the industry standard for DNA mutation detection and, as surveyed by the College of American Pathologists Molecular Oncology committee, is used by the majority of molecular oncology testing labs. However, this assay requires a minimum of 30% to 50% tumor cells to successfully detect a mutation. 2, 10, 15, 19 Other methods in use, such as pyrosequencing or high-resolution melt analysis, have higher sensitivities and require lower percentages of malignant DNA to successfully detect a mutation. 4, 9, 20 Nonetheless, all methods, by definition, have a limit of analytic sensitivity which represents the minimum percentage of tumor cells in a tissue sample required to correctly identify a mutation. 10 Currently, no objective method exists for determining the percentage of tumor cells present in a tissue section. 2 Most commonly during molecular testing, a pathologist will review a hematoxylin and eosin (H&E)stained tissue section and estimate the percent of malignant nuclei in that section. 17 This method has been shown to be highly subjective and results in a low level of interobserver reproducibility. 2, 17, 18 In contrast, automated image analysis promises objective and reproducible approaches to remove the subjectivity introduced by a human observer. [23] [24] [25] Here we attempt to develop and test an algorithm that could be used for automated image analysis to standardize our approach to determining percentage of tumor cells and provide an objective method for assessing sample adequacy for mutation testing. By generation of an algorithm on a training set of images, followed by validation on a testing set, we provide a pathway toward a future tool to assist in objective assessment of malignant cellularity for molecular companion diagnostic testing.
MATERIALS AND METHODS

Collection of Images From Tissue Microarrays (TMAs) and Whole Slides
All samples used for algorithm training and validation were acquired from a TMA containing a cohort of 600 patients diagnosed with colorectal adenocarcinoma who underwent surgical resection at Yale-New Haven Hospital between 1970 and 1986. One 0.6 mm tissue core from each patient in the cohort was included in the TMA. For this study, a single section of the TMA was stained with H&E and acquired as a digital slide. An individual image of each histospot in the TMA was captured at Â 20 magnification using ImageScope software (Aperio). We selected and acquired the field of view that contained the largest area of tissue for each histospot. Images containing high-quality tissue without tears or folds and with limited areas of necrosis were selected for algorithm training and validation.
In order to access algorithm accuracy on whole tissue sections in addition to TMA histospots, images from archived H&E slides from the original surgical resection of patients included in the TMA cohort were also acquired. Approximately 20 random whole sections were scanned using the Scanscope digital slide scanner (Aperio). The digital whole sections were then reviewed using Im-ageScope software (Aperio) and fields of view containing high-quality tissue and a range of tumor cell content were captured for further algorithm evaluation. With these images, we were able to compare algorithm performance on the same patient specimen both as a TMA core and a whole tissue section.
Creation of a Criterion Standard
To create a criterion standard for evaluating algorithm accuracy on the training and validation sets, each image was divided into 9 segments for manual nuclear counting. The nuclei in each segment were marked as malignant or benign with red and green dots, respectively, and counted by a technician (H.V., M.C., K.L.). Benign nuclei were most often stromal nuclei, lymphocytes, or inflammatory cells. Normal or nonmalignant epithelial cells were not represented in the cases selected. The malignant and benign nuclei from all segments were summed to obtain the total nuclei in each image and determine the percentage of malignant nuclei. All images and counting were reviewed by a pathologist (D.L.R.). Areas of necrosis were ignored and were not included in the determination of percent malignant nuclei.
Development of a Computerized Algorithm
A computer algorithm was created to objectively determine the percentage of malignant nuclei in a field of view of colon tissue sections. A diagram summarizing our approach to algorithm development and validation is shown in Figure 1 . Using inForm software (Perkin Elmer/Caliper Life Sciences), an algorithm was optimized to analyze tissue spectral and spatial data based on H&E staining of selected colon adenocarcinoma cases. Representative, user selected, regions from 25 cases were used to train the algorithm to identify regions of malignant cells, benign cells, necrosis, and blank space. Individual nuclei were identified and counted based on the hematoxylin stain optical density. Nuclei were then classified as malignant or benign based on their location within the algorithm-defined malignant and benign tissue regions. The total number of nuclei in each tissue region was then counted and the percentage of malignant nuclei was The algorithm selected for validation was called Algorithm #9. The details of the parameters it uses in definition of malignant and benign nuclei are embedded in the software and not readily accessible to the end user.
Although once selected, algorithms may be "locked" for future testing or potential distribution.
Statistical Methods
The resulting data were managed using Microsoft Excel software and statistical analysis was accomplished using StatView 5.0 (SAS, Cary, NC) for correlation testing using Pearson test.
RESULTS
Algorithm #9 Training and Validation Set Performance
During algorithm development, each algorithm's success was evaluated based on its performance on the set of 25 colon adenocarcinoma cases in the training set. Images illustrating objective determination of percent malignant nuclei by manual counting and by algorithm analysis are shown in Figure 2 . The percentage of malignant nuclei derived from manual counting was established as the criterion standard against which algorithm analysis was compared. Algorithm error was evaluated as the deviation of the algorithm-determined percentage of malignant nuclei from the observer-counted percentage. The frequency and distribution of Algorithm #9 error on the training set is shown in Figure 3A . Algorithm #9 had a median deviation from the manually counted percent malignant nuclei of 5.4%. The algorithm differed from the criterion standard by <5.0% on 11 (44.0%) of the 25 training images and by <10.0% on 17 (68.0%) of the training images.
As the optimal algorithm, Algorithm #9 was selected for validation on an independent set of 100 colon adenocarcinoma cases from a TMA selected by a pathologist (K.M.) representing a range of tissue morphologies and tumor cell content. In addition, 3 pathologists (A.M., K.M., K.S.) independently estimated the percentage of malignant nuclei in each validation set image. Pathologist estimates were compared with each other and to the criterion standard. Algorithm accuracy was also evaluated Algorithm #9 error was exceptionally high, and the algorithm miscalculated the percentage of tumor cells by >40.0%. Most often, we observed that Algorithm #9 error was due to misclassification of nuclei, calling benign nuclei malignant or vice versa. Algorithm #9 inaccuracies in the definition and counting individual nuclei played a less significant role in overall algorithm performance. The ability of Algorithm #9 to count individual nuclei was also evaluated by plotting the algorithm-counted nuclei versus the observer-counted nuclei for both malignant and benign nuclei in the validation set (Figs. 4A, B) . The values determined by Algorithm #9 for percentage of malignant nuclei were also plotted versus the manually counted percent malignant (Fig. 4C) . At times, Algorithm #9 tended to count immediately adjacent nuclei as a single nucleus due to the lack of hematoxylin-negative space between the nuclei. Islands of contiguous hematoxylin-positive staining containing multiple nuclei were sometimes counted only once. Although Algorithm #9 was less able to determine the actual number of nuclei in a tissue section image, it was more able to determine the overall percentage of malignant nuclei in each image. This attribute is consistent with the goal of the software where the accuracy in determination of the malignant cellularity (or the percentage of malignant nuclei) is more important than the actual number of either benign or malignant nuclei. Furthermore, the largest outliers in the scatter plot showing percentages of malignant nuclei most often fall below the line of regression, suggesting that Algorithm #9 tends to underestimate the per-cent of malignant nuclei. Therefore, Algorithm #9 is less likely to fail to identify tissue with insufficient amounts of tumor cell content for molecular testing.
Pathologist Estimation Accuracy and Interobserver Agreement
In addition to the manually counted percentages, 3 pathologists also individually estimated the percent of malignant nuclei for each image in the validation set. Each pathologist's responses were plotted versus to other 2 pathologists to examine interobserver estimation variability (Figs. 5A-C). The average pathologist estimate of percent malignant nuclei was also plotted versus the Algorithm #9determined percentage (Fig. 4D) . These results indicate a considerable discrepancy between individual pathologist's estimation of percentage of malignant cells consistent with previous observations. Also, the pathologist-to-pathologist variability is roughly equal to the variation seen between the average pathologist estimate and Algorithm #9.
To further characterize the accuracy of pathologists and Algorithm #9 in identifying percent malignant nuclei, pathologist and algorithm error for each image in the validation set was graphed in order of increasing tumor cell percentage (Fig. 6 ). The median deviation of a pathologist's estimate from the manually counted percentage ranged from 7.0% to 9.8%. Algorithm #9 deviated from the counted percentage by a median of 6.2%, less than each pathologist. There was no evidence of a specific source for error as a function of malignant cellularity as error was spread across the scale for all pathologists and Algorithm #9. Although Algorithm #9 error was <5.0% for 47 cases, pathologists estimated within 5.0% of the counted value less frequently. The best pathologist had <5.0% error in 37 cases whereas the least accurate has only 22 cases with <5.0% error. In contrast, pathologist estimation error showed less extreme variation and was more consistent across all of the validation set cases. Samples containing low levels of malignant cells are most at risk for false-negative molecular testing results. Overestimation errors in identifying the percentage of malignant nuclei in a tissue section have the greatest effect on patient samples containing low tumor cell content. For that reason, the accuracy of each pathologist and Algorithm #9 was assessed in the critical low range for mutation testing. Nineteen cases from the validation set contained <40.0% malignant nuclei and were used to analyze accuracy on low tumor cell content. Pathologist estimates and algorithm-derived percentages were plotted versus the criterion standard for all cases containing <40.0% tumor cells ( Fig. 7) . Linear regression indicated that Algorithm #9 accuracy in the critical low range was comparable to pathologist estimation accuracy. In addition, the slope of best fit was closest to 1.0 for the plot correlating Algorithm #9 results to the manually counted percentages. In contrast, all pathologist estimation slopes were >1.0 suggesting that pathologists tend to overestimate percentage of malignant cells in comparison with Algorithm #9 in the critical low range.
Algorithm #9 Analysis With Whole Tissue Sections
Algorithm #9 was trained and validated using tissue histospots contained in the same section of a TMA that were, therefore, stained simultaneously. To further evaluate Algorithm #9, the algorithm analyzed a series of separately stained whole tissue sections. Algorithm #9 was run on 8 whole tissue sections corresponding to 8 cases also represented as histospots in the TMA used to build the algorithm. Any differences in Algorithm #9 performance should be the result of H&E staining variation. The Algorithm #9-determined percentages were plotted versus the observer-counted percentages separately for the 8 whole sections and the matched TMA histospots (Figs. 8A, B) . These results showed a significant decrease in Algorithm #9's ability to determine percentage of malignant nuclei on the whole tissue sections because the correlation between Algorithm #9 and manual counting on whose tissue sections was significantly decreased from the correlation involving TMA histospots. Algorithm #9 errors were also shown in matched pairs of whole tissue sections and TMA histospots (Fig. 8C ). In 6 out of 8 cases, the Algorithm #9 deviation from the counted percentage was less on the TMA histospot than on the matched whole tissue section. In the 2 cases where Algorithm #9 performed better on the whole tissue sections, the TMA histospots were considered to be of poor quality due to loss of large tissue areas and extensive necrosis. 
DISCUSSION
Although far from perfect, Algorithm #9 represents an objective and reproducible method to determine percentage of malignant nuclei. Our data suggest that it is comparable to a pathologist in its ability to determine percentage of malignant nuclei in a tissue section. Although the median error of Algorithm #9 is comparable to that of a pathologist, approximately half of the cases analyzed by Algorithm #9 had very low error (< 5.0%). After review of the tissue segmentation and object count images created by Algorithm #9, we were able to visually discern in which cases Algorithm #9 was most successful in determination of malignant cellularity and cases in which the algorithm was not successful. In fact, when Algorithm #9 failed, it failed with flourish. Like Watson on Jeopardy, while more accurate than his human counterparts most of the time, the failures, when they occurred, were extreme. Given that pattern, one potential application of Algorithm #9 could be determination of malignant cellularity in combination with an ancillary review system that includes a human operator visually evaluating the performance. In the event that review of the tissue segmentation map areas of red and green did not match the areas of tumor and stroma identified by a human observer, then the lab could use a pathologist's estimate of percent malignant nuclei in place of the algorithm-determined value.
This algorithm was created using tissue spectralspatial data and feature extraction technology to establish computerized definitions relating to malignant and benign nuclei. It is important to note that for the purposes of this application, a "benign" nucleus most often represented a stromal nucleus, lymphocyte, or inflammatory cell. These cell types generally have distinct microscopic appearances to any nearby malignant epithelial cells. Although Algorithm #9 is successful in identifying malignant cells, it has not been trained to identify a malignant growth from other forms of benign neoplasia. Although we have not tested Algorithm #9's ability to determine percent malignant nuclei in a case containing adjacent nonmalignant epithelial cells, we suspect it would not perform well on those cases due to their closer similarity in appearance to a colorectal cancer cell.
Furthermore, success with the use of Algorithm #9 seems to be limited to colon tissue. In an exploratory experiment, Algorithm #9 was run on a separate subset of cases containing 18 tumor tissue types including breast, kidney, liver, lung, ovarian, melanoma, pancreatic, prostate, and thyroid. Although no criterion standard was established for these images, visual assessment of algorithm performance showed a severely decreased ability of Algorithm #9 to identify malignant cells from other tumor types and to count individual nuclei. In most cases, Algorithm #9 failed to identify any nuclei as malignant in the noncolorectal carcinoma examples. This observation suggests that Algorithm #9 is tissue-specific and is only capable of recognizing malignant colon adenocarcinoma nuclei and other algorithms would need to be developed for other malignancies. In a manner similar to that described here, it would be possible to create new algorithms trained exclusively on other tissue types that perform the same function as Algorithm #9. In the future, separate algorithms to determine percentage of malignant nuclei could exist for every tissue type used in mutation testing. Perhaps the most striking and concerning limitation of Algorithm #9 was its dependency on the H&E stain used to train the algorithm. It has been previously shown that variations in H&E staining affect accuracy of computerbased image analysis. 23 Beck et al 23 reported that their algorithm developed to assess histologic grade in invasive breast carcinoma initially was only successful when analyzing cases from their own institution. It was not until the algorithm was retrained using cases from a separate institution that the algorithm was able to successfully assess histologic grade on cases from that other institution. It seems Algorithm #9 is also limited by the non-reproducibility of H&E staining used to train the algorithm. Although Algorithm #9 continues to perform well on cases stained simultaneously with the training set images, accuracy is lost when the algorithm is applied to cases stained using different reagents at different points in time.
The development and validation of Algorithm #9 represents an exploratory example to establish a reproducible, objective method to determine percentage of malignant nuclei for mutation testing. As produced and described here, it is not ready for introduction into the clinical work flow. However, in the future, additional algorithms may be created and validated which, after appropriate multi-institutional validation, could become a tool in molecular testing laboratories. Most likely, future algorithms will need to be trained using multiple slides and cases from multiple institutions in order to create an algorithm robust enough to successfully analyze cases stained at different points in time at separate institutions. As mutation testing continues to become a routine part of patient treatment decisions regarding targeted therapies, algorithms like Algorithm #9 may represent a critical part of the process of standardization of molecular testing protocols for accurate genomic testing.
